This study presents the analysis of bias-corrected projections of changes in temperature and precipitation in the Vistula and Odra basins, covering approximately 90 % of the Polish territory and small parts of neighbouring countries in Central and Eastern Europe. The ensemble of climate projections consists of nine regional climate model simulations from the EURO-CORDEX ensemble for two future periods 2021-2050 and 2071-2100, assuming two representative concentration pathways (RCPs) 4.5 and 8.5. The robustness is measured by the ensemble models' agreement on significant changes. We found a robust increase in the annual mean of daily minimum and maximum temperature, by 1-1.4°C in the near future and by 1.9-3.8°C in the far future (areal-means of the ensemble mean values). Higher increases are consistently associated with minimum temperature and the gradient of change goes from SW to NE regions. Seasonal projections of both temperature variables reflect lower robustness and suggest a higher future increase in winter temperatures than in other seasons, notably in the far future under RCP 8.5 (by more than 1°C). However, changes in annual means of precipitation are uncertain and not robust in any of the analysed cases, even though the climate models agree well on the increase. This increase is intensified with rising global temperatures and varies from 5.5 % in the near future under RCP 4.5 to 15.2 % in the far future under RCP 8.5. Spatial variability is substantial, although quite variable between individual climate model simulations. Although seasonal means of precipitation are projected to considerably increase in all four combinations of RCPs and projection horizons for winter and spring, the high model spread reduces considerably the robustness, especially for the far future. In contrast, the ensemble members agree well that overall, the summer and autumn (with exception of the far future under RCP 8.5) precipitation will not undergo statistically significant changes.
Introduction

Motivation
Increase of mean annual air temperature has been detected at various spatial scales, ranging from local to national, regional, continental, hemispheric, and global (Kundzewicz and Huang, 2010; Stanisławska et al., 2013; IPCC, 2013) . The increase of globally averaged combined land and ocean surface temperature, over the period 1880 to 2012, was about 0.85 [0.65 to 1.06]°C (IPCC, 2013) . Each individual year since 2001 belongs to the 16 globally warmest years in the history of global instrumental observations, i.e. since 1880 (the only pre-2001 year in this list being 1998). Fortuniak et al. (2001) and Kożuchowski andŻmudzka (2001) found a temperature increase of 0.8°C for the area of Poland in the second half of the 20 th century. Limanówka (van der Linden and Mitchell, 2009) were the basis for investigations of extreme climatic indices relevant for different sectors (agriculture, water resources and health) (Szwed et al., 2010) , winter thermal conditions (Piotrowski and Jędruszkiewicz, 2013) , as well as those issued from the 'KLIMADA' project (http://klimada.mos.gov.pl/en/), within the framework of the Polish National Adaptation Strategy to Climate Change (NAS 2020). In the latter project, eight bias-corrected regional climate models (RCMs) under the Special Report on Emission Scenarios (SRES) (van der Linden and Mitchell, 2009) A1B scenario were applied to estimate changes in climate variables and specific climate indices in two future horizons, 2021-2050 and 2071-2100. The outcomes of the latter project showed significant upward trend in temperature, and subsequently, significant changes in temperature-based indices, while precipitation projections were uncertain, suggesting slight increases in the median of winter changes and slight decreases in summer. Piotrowski and Jędruszkiewicz (2013) assessed the spatial variability in winter temperature over Poland for the 2021-2050 period based on three RCMs under SRES A1B scenario. The highest temperature increase was predicted in the North and the East of Poland, which was attributed to an increase of frequency of cyclonic circulation types. The magnitude of changes largely differed between climate models. Szwed et al. (2010) pointed out mainly unfavourable changes in Polish climate e.g. increased frequency of extreme events, reduced crop yields, and increased summer water budget deficit derived from six uncorrected regional climate model simulations under SRES A2 scenario. Jaczewski et al. (2015) compared changes of selected thermal indices for the time period 2011-2030 relative to [1971] [1972] [1973] [1974] [1975] [1976] [1977] [1978] [1979] [1980] [1981] [1982] [1983] [1984] [1985] [1986] [1987] [1988] [1989] [1990] , based on bias-corrected projections from the RegCM (REGional Climate Model) under SRES B1, A1B and A2 scenarios and reported an increase in the number of summer and hot days and a decrease in the number of frost and ice days.
More recently, even fewer studies have been done for Poland using a newer generation of climate model simulations such as the fifth generation of the Coupled Model Intercomparison Project (CMIP5) or the European domain of the Coordinated Downscaling Experiment Initiative (EURO-CORDEX). Pluntke et al. (2016) applied the statistical downscaling model WETTREG2013 for temperature and precipitation projections from two GCMs, one under two newer generation Representative Concentration Pathways (RCP) 2.6 and 8.5 scenarios, and one under SRES A1B, for the south-western part of Poland and eastern Saxony. Their results showed an acceleration of changes by the end of 21 st century leading to negative consequences for the climatic water balance, particularly under SRES A1B and RCP 8.5. Romanowicz et al. (2015) corrected modelled temperature and precipitation of seven GCM-RCM combinations from EURO-CORDEX over ten Polish catchments. They pointed out that bias-corrected projections under RCP 4.5 agreed quite well on a precipitation increase in the range 0-15 % depending on the catchment and future horizon, and an upward trend in temperature by 1°C in 2021-2050, which is doubled by the end of the 21st century.
Mapping climate model robustness
Even though an ensemble approach is now recognised as a standard in climate change science, aggregation of projections from different ensemble members, often counted in tens, into a single, informative and stakeholder-friendly map has always posed various challenges. On the one hand, the uncertainty in successive generations of climate models remains large despite considerable progress in terms of simulating atmospheric and climatic processes in greater detail, hence, projections from different models often diverge with a rate depending on various factors such as geographic location, weather or climate variable, and season. On the other hand, producing exclusively maps of multimodel ensemble mean or median change, still common in regional-scale studies, remain insufficient. For instance, when analysing climate projections from multiple models for a given location, two properties can be assessed: agreement between models (ideally quantified by one value per ensemble) and statistical significance of change according to each model (n values for n ensemble members). A combination of these two properties is often referred to as robustness (Knutti and Sedláček, 2013; Pfeifer et al., 2015) . While assessing statistical significance is rather straightforward, various approaches have been developed to measure the model agreement. The number of models agreeing on the sign of change has been adopted in the 4th Assessment Report of the Intergovernmental Panel of Climate Change (IPCC, 2007) , in the first assessment report of the EURO-CORDEX projections and in other isolated studies Pfeifer et al., 2015) . Various forms of uncertainty versus signal, or signal-to-noise ratio, exist such as the ratio of one standard deviation across the multi-model range over the multi-model mean change (Fischer et al., 2014) . Finally, Knutti and Sedláček (2013) adopted the robustness R measure based on the integrals of three cumulative density functions: one characterising all individual model projections (CDF1), the second one representing the multi-model mean projection (CDF2), and the third one representing the multi-model mean of the historical climate (CDF3). Comparison of CDF2 with CDF1 measures uncertainty, and comparison of CDF2 with CDF3 measures signal. This approach has some advantages over other existing methods, as it holistically considers the magnitude of change, the sign, natural variability and inter-model spread.
The robustness of climate projections R has been used in a number of studies as a measure of models' agreement in simulating the climate change signal, both at global Proestos et al., 2015) and regional (Lelieveld et al., 2016) scale. 
Objective
The main objective of this paper is to evaluate an ensemble of annual and seasonal projections of daily minimum and maximum temperature and total precipitation over the basins of two largest Polish rivers, the Vistula and the Odra. The climate projections used here were based on an ensemble of bias-corrected EURO-CORDEX simulations under two RCPs (4.5 and 8.5) for two future horizons within the 21 st century. The secondary objective is to assess and provide robustness maps related to these projections over Poland, following the approach of Knutti and Sedláček (2013) .
Materials and methods
Study area
The Vistula and Odra basins (VOB) have been selected for this study as they are the main focus region of climate impact modelling within the CHASE-PL project (Climate Change Impacts for Selected Sectors in Poland, http://www.chase-pl.pl/). They are located in Central and Eastern Europe, covering most of Poland and parts of neighbour countries (Germany, Czech Republic, Slovakia, Ukraine and Belarus), and draining their waters to the southern part of the Baltic Sea (Figure 1 ). They occupy 193,831 and 119,041 km 2 , of which 87 % and 88 %, respectively, lie in Poland. The great majority of both drainage areas spans through the North European Plains, while the southern belt of both basins has a mountainous character. Poland has a temperate climate with cold winters and warm summers, which is influenced by air masses from all directions: maritime air from the west, cold polar air from Russia and Scandinavia, as well as sub-tropical air from the Atlantic Ocean, Mediterranean, and Black Sea.
Bias-corrected dataset of temperature and precipitation projections
Correcting the present climate to be closer to observations has been a mandatory step for most climate change impact studies (Sorteberg et al., 2014) . The CHASE-PL Climate Projections -Bias Corrected Daily Precipitation and Temperature 5 km (CPLCP-BCDPT5) dataset was used here for studying projected climate change in the VOB. This dataset contains projections of daily values of three variables (minimum temperature T min , maximum temperature T max and precipitation P) from a multi-model ensemble (MME) of nine EURO-CORDEX GCM-run-RCM combinations for the historical period and two future periods (2021-2050 -labelled as near future, and 2071-2100 -far future), each under two RCPs (4.5 and 8.5) ( Table 1 ). Selected climate model simulations consisted of combinations of four GCMs and four RCMs and were bias-corrected using the quantile mapping method (R package 'qmap' developed by the Norwegian Meteorological Institute, Gudmundsson et al. (2012) ). This non-parametric method has shown a good performance compared to other bias correction methods in reproducing not only the mean but also the standard deviation and extremes (Themeßl et al., 2010) . Table 1 : List of available GCM-run-RCM combinations composing the multi-model ensemble (MME). Each combination was available for the historical period and two future periods (2021-2050 and 2071-2100) under two RCPs (4.5 and 8.5).
The CHASE-PL Forcing Data -Gridded Daily Precipitation & Temperature Dataset 5 km (CPLFD-GDPT5) (Berezowski et al., 2016) was used as reference in calibration procedure. Thus, quantiles of the simulations for the control period were mapped onto corresponding quantiles in the observations , as the most recent 63-years reference time period) and the bias in the daily temperature and precipitation simulations was removed. In order to take into account the seasonality in the observations, bias correction was applied on each of the four seasons separately. Furthermore, the bias-corrected set-up included a linear interpolation between the fitted and simulated values lying outside the range of observed data in the training period. The same correction found for the highest percentile to extrapolate for values falling outside the range of the observed climate was applied, as in Boé et al. (2007) . Furthermore, the method included an adjustment of wet-day frequencies for precipitation and was applied to the four seasons separately.
In the present study, all data were re-interpolated from the original 5 km resolution of the CPLCP-BCDPT5 dataset on the layer of 2633 sub-basins from the SWAT model of the VOB developed in Piniewski et al. (in review) , with a purpose of running climate change scenarios. Sub-basin sizes were variable, with mean area equal to 111 km 2 . Three first years of both historical and future periods were truncated, since a warm-up period of three years is used for SWAT simulations. The climate change for the two future horizons with regards to the reference period was expressed in terms of relative changes for annual and seasonal sums of P (in %) and in terms of absolute changes for annual and seasonal means of daily T min and T max (in°C). This procedure was applied for each climate model, future horizon, RCP and temporal aggregation (annual or one of four seasons), thus leading to 9× 2× 2× 5 = 180 maps for each of the three analysed variables. While maps for different periods and different RCPs should be kept separately, it was desired to significantly reduce the number of maps for different climate model simulations, aggregating them in a scientifically-defensible manner.
Robustness estimation
A robustness measure R similar to that proposed by Knutti and Sedláček (2013) is used here as a measure of models' agreement and is calculated locally for each sub region and spatial entity. It should be noted that this quantitative measure combines two essential properties when dealing with ensemble of climate projections: the signal-to-noise ratio and a skill score. While the technical details of its calculation are available in the paper of Knutti and Sedláček (2013) , here we present some key features:
• R values are influenced by models' spread and magnitude of the signal.
• It considers the width of the initial distributions (such that the same projection has a lower R value if the variability is small). • It penalizes (by covering the ensemble mean map with a white colour) the case when models agree on the sign and significance but considerably disagree on the magnitude.
• The value of R increases with lower model spread or higher magnitude of signal. The maximum value is 1 and the values below 0 are considered very low. Knutti and Sedláček (2013) used a threshold of 0.8 over which "models agree on significant change".
The robustness categories are determined based on the value of R and the fraction of models with statistically significant change (denoted as ν s ) at p = 0.05 level, using the Mann-Whitney U test. The robustness maps are constructed so that i) the colours show the multi-model mean change, ii) stippling represents R values higher than 0.6 (good agreement), iii) hatching marks areas where ν s ≤ 1 9 (agreement on no change), and iv) white colour indicates areas where ν s ≥ 6 9 and R ≤ 0.3, i.e. significant changes but little agreement among models. Moreover, the areas where no graphical pattern is super-imposed on the map, could be seen as regions with limited evidence for change in the indicated direction. In line with suggestions of Knutti and Sedláček (2013) , we adapted the threshold values for R (decreased by 0.2) compared to their work. The graphical illustration of the above criteria can be found in the Supplementary Material Figure S1 .
Results
Temperature projections
Figures 2 and 3 show changes in annual mean of daily minimum and maximum temperature for the near and far future, under RCPs 4.5 and 8.5, respectively. Climate warming is ubiquitous and robust (represented by the stippling marks across the whole domain), with an exception made for T max projections in the near future under RCP 4.5 for which R was slightly below 0.6 in the majority of the study area. The figures show a small difference (by 0.2°C) between RCPs in the near future which becomes much larger in the far future (by 1.5-1.7°C). The acceleration of warming with time is more rapid under the RCP 8.5 than RCP 4.5 for both variables. In all cases (for all time horizons and RCPs), the projected increase in T max is by far lower than the corresponding increase in T min , although the difference is small (less than 0.4°C). This leads to a decrease in projected daily temperature amplitude.
For daily temperature, the spatial variability in projected change is generally low. The difference between the highest and lowest projected change within one map does not exceed 0.7°C, with one exception (T min in the far future under RCP 8.5) and the standard deviation calculated across all sub-basins is always lower than 0.15°C. Thus, spatial gradients are not easy to detect. For minimum temperature, there is a SW-NE gradient, relatively consistent across time periods and RCPs. Contrary, the spatial gradient goes from west to east for maximum temperature for RCP 4.5 in both time horizons, and shows an inconsistent pattern between the two periods under RCP 8.5. This may be due to the fact that our analysis is based on the MME mean, which does not have any physical interpretation in contrast to a single climate model simulation.
Figures 4 and 5 illustrate seasonal projections of T min and T max , and the assessment of their robustness. It can be seen that in all cases (both near and far future time periods and under both RCPs) winter temperature increase is the highest. Yet, this difference is much higher in the far future than in the near future. Robustness of seasonal projections is much lower than of the annual ones (Figure 6 ) which is mainly due to less variability on that temporal scale. Spatial trends are weak and sometimes non-existent, such as for the mean annual temperature. For T max projections are robust only in the far future under RCP 8.5, whereas for T min they are robust for the far future under both RCPs. In contrast, in the near future there are areas, particularly large for summer T max , for which the climate model response seems to be inconsistent, despite the fact that the MME mean increase is 0.9-1.0°C and all models agree on the sign of the change.
Although spatial variability in seasonal minimum and maximum temperature is generally low, as compared with annual maps, there is a clear SW-NE gradient for spring T min (less clear, but also present for spring T max ) and an W-E gradient for winter T min (slightly more variable for winter T max ), consistent across future time horizons and RCPs. For example, an increase in winter T min in the far future under RCP 8.5 is projected to be lower than 4°C for the western part of the Odra basin and to be higher than 5.5°C in the eastern part of the Vistula basin. A less consistent trend is observed for autumn T min , whose increase is the highest in the north (or north-east) and the lowest in the south (or south-east). Spatial trends for summer T min depend on the RCP and time period. While spatial patterns in autumn T max are largely inconsistent, those for summer T max are consistent between two RCPs in the far future (NE-SW). For the near future they are not analysed, as the climate models do not provide sufficiently robust result.
Precipitation projections
Annual total precipitation is projected to increase throughout almost the entire VOB (Figure 7) , and according to all climate models (Figure 8) , with rates dependent on the RCP and time horizon, ranging between 5.5 % and 15.2 % (spatial average). The increase accelerates with time and emissions. None of the projected changes are robust, and in some sub-areas, notably north-east for the RCP 4.5 in the far future, and south-east for the RCP 8.5 in the far future, the model response is inconsistent. There are also areas, where the models agree on the lack of significance (hatching areas), in particular in the near future under RCP 4.5 in the southern parts of the basins.
The magnitude of precipitation increase is the lowest in the south east of the VOB in the near future and in the south in the far future. Spatial differences between the highest and lowest change are substantial for the far future under RCP 8.5 (an increase by more than 20 % in some isolated areas in the NE corner compared to an increase by less than 5 % in some areas in the south), and moderate (below 10 %) for the remaining cases. As shown in the Supplementary Material Figure S2 (projections for the far future under RCP 4.5), individual climate model simulations tend to exhibit rather different spatial patterns.
A more clear pattern is visible for seasonal precipitation projection (Figure 9) , showing an areal-mean increase for all seasons and all horizon-RCP combinations. However, the rate of the change is more intensified in winter and spring than in summer and autumn. While the increase in winter and spring precipitation is ubiquitous, changes in summer and autumn precipitation have different signs depending on location, RCP and time horizon. Yet, the magnitude of these changes, either positive or negative, is usually lower compared to internal climate variability, hence, there is an agreement on no significant change (with exception of autumn precipitation in the far future under RCP 8.5). Interestingly, white areas in the maps indicate model disagreement which is super-imposed over large parts of the VOB with cases showing the highest overall magnitude of increase (25.8 % for spring precipitation in the far future under RCP 8.5). Even though all ensemble members agree on the increase and its mean is very high, the uncertainty related to its magnitude is higher than the signal.
Spatial variability of changes in seasonal precipitation is substantial but the patterns are more complex than for temperature maps, with less clear gradients. Autumn precipitation is projected to decrease (or its increase is the lowest) in the eastern part of the Vistula basin for each RCP and time period. However, these results should be treated with caution, as most of them were assessed as the lack of significant change.
Discussion
The EURO-CORDEX simulations constitute the current state-of-the-art of climate projections over Europe . In particular, a sub-set of projections available at the highest resolution of 0.11°has been shown to have the added value over the coarserscale, 0.44°projections in the case of precipitation on local scales, up to 400 km (Prein et al., 2016) . Still, the EURO-CORDEX projections have considerable biases and there is only limited evidence for an added value of the higher resolution in the precipitation intensity and frequency (Casanueva et al., 2016) . Correcting the bias in climate projections is of vital importance for impact modelling, which is why the CHASE-PL project has put a considerable emphasis on deriving a high-resolution gridded product serving as the reference for bias correction of the EURO-CORDEX simulations over Poland (Berezowski et al., 2016; Mezghani et al., 2016) .
Our study shows that while there remains a considerable uncertainty in future climate projections among the EURO-CORDEX ensemble members (of which nine were used here), there are cases where robust signals can be found. We showed that projections of the annual mean of minimum temperatures (T min ) are robust for both future periods under both RCPs over the entire domain. Similar changes for T max are not robust only for the RCP 4.5 in the near future, for which the magnitude of increase is the lowest (1°C). The robustness is lower for seasonal temperature projections: only for RCP 8.5 in the far future changes in both T min and T max are fully robust. For T min it is also the case for most of the area under RCP 4.5 in the far future and under RCP 8.5 in the near future. In contrast, for T max there are several cases for which an inconsistent model response was assessed for the majority of the VOB in the near future under both RCPs, in particular for summer temperature.
Perhaps the only study that also quantified robustness of the (uncorrected) EURO-CORDEX simulations for the domain covering the VOB is the one of Jacob et al. (2014) . They applied a different method, adapted from Pfeifer et al. (2015) , that uses the percentage of models agreeing on the direction of change and the statistical significance of changes from different models as the principal measures quantifying robustness. In agreement with our study, they showed that changes in mean annual temperature are significant and robust for the far future under both RCPs. The magnitude of the ensemble mean changes in their study was comparable to our estimates (from the ensemble mean), which shows that the bias correction did not alter the signal of change. This is in accordance with the recent study of Dosio (2016) , who reported negligible differences between the biascorrected and raw changes in mean winter and summer T min and T max under RCP 8.5 in the far future for the Eastern Europe region that geographically covered the VOB. Importantly, in some other regions, such as e.g. Scandinavia or Iberian Peninsula, this conclusion did not hold.
We also showed that projected precipitation changes are not robust, regardless of RCP, future horizon and temporal aggregation. However, we identified regions for which results for various conditions agree that projected changes are not significant (e.g. southern half of the VOB in the near future under RCP 4.5 for annual total P) or seasons for which changes are not significant for almost the entire area under all RCPs in all periods (summer). In contrast to temperature projections, for which the robustness was positively correlated with the magnitude of change, in the case of precipitation we can observe inconsistent model response (white areas, cf. Figure 9) for cases with the highest projected magnitude of increase (e.g. spring or winter P in the far future). This is a fundamental difference from the approaches quantifying robustness based on the number of models agreeing on a certain direction of change. Since in this case all nine models agreed on the increase in spring precipitation, such an approach would result in robust changes. Indeed, Jacob et al. (2014) assessed projected changes in annual total precipitation as significant and robust over the entire area of the VOB, under both RCPs in the far future, which does not corroborate our findings. In contrast, the approach of Knutti and Sedláček (2013) that we used here penalizes the fact that the model spread, quantified on the basis of future period CDFs, is higher than the signal (i.e. there is a low signal-to-noise ratio), even if the signal is strong and statistically significant. This shows that this method is more strict in quantifying robustness than the more simple approach that involves counting the models agreeing on the direction of changes. As regards the magnitude of change, the ensemble mean maps of Jacob et al. (2014) look fairly consistent with our ensemble mean maps, indicating an increase in annual P by 5-15 % over the VOB in RCP 4.5 (in our study the VOB-mean increase by 9.4 %) and a higher increase (two classes 5-15 % and 15-25 %, with a SW-NE gradient) for RCP 8.5 (in our study the VOB-mean increase by 15.2 %, and the same gradient). As with temperature, it shows that the signal of change is not considerably distorted by the bias correction. Again, this is consistent with the findings of Dosio (2016) for winter and summer precipitation in Eastern Europe under RCP 8.5 in the far future.
It should be noted though, that robustness sensu Knutti and Sedláček (2013) is not a binary variable: it spans through the continuum of possibilities, determined by the values of R and the fraction of models showing statistically significant change ν s . As an example, Figures S3 and S4 of the Supplementary Material show the spatial variability of R and ν s for annual precipitation projections, illustrating the complexity behind the maps shown in Figure 7 . For the sake of visual (map) presentations of projected climate variables, thresholds need to be chosen to delimit regions with robust signals (stippling), agreement on no change (hatching) and the lack of agreement (white colour). The thresholds that were used in this study include: two critical values of R, two thresholds for the fraction of models showing statistically significant changes, and the significance level of the test (Supplementary Material Figure S1 ). The choice of thresholds is somewhat subjective and clearly affects the results, e.g. spatial coverage of particular robustness categories, as discussed in more detail in Pfeifer et al. (2015) .
Conclusions
We analysed the robustness of the climate change signal as simulated by an ensemble of nine biascorrected regional climate models over the Vistula and Odra basins. It was assessed following Knutti and Sedláček (2013) , with modified threshold values delimiting regions showing different robustness categories. The agreement is based on magnitude, the sign, and the significance of the change. We found a robust increase in the annual mean of minimum and maximum temperature over the whole investigated area and for each combination of future horizon with RCP. Further, the magnitude of the areal-mean change is similar for both RCPs in the near future (the MME mean of 1.2-1.4°C for T min and 1.0-1.2°C for T max ), but the signal strongly diverges for the far future (2.1-3.8°C for T min and 1.9-3.4°C for T max ). Furthermore, the signal is spatially uniform, although a weak SW-NE gradient can be observed in the ensemble mean maps. However, the seasonal means of T min and T max projections are generally less robust (or even inconsistent, as for summer T max ) than their annual counterparts in the near future. They are robust, for all seasons, in the far future for T min under both RCPs, and for T max under RCP 8.5. The increase is distinctly higher for winter than for any other season according to the MME mean, notably for the far future under RCP 8.5, when it exceeds 1.3°C for both T min and T max .
Although the investigated climate models agree on the sign of precipitation change, our analysis suggests that annual total precipitation projections are not robust in any of the considered cases. In contrast, there are regions with an agreement on lack of significant change (near future under RCP 4.5) or inconsistent responses (far future). Projected areal-mean increase accelerates with rising temperatures (i.e. both in time and from RCP 4.5 to 8.5), from 5.5 % in the near future under RCP 4.5 to 15.2 % in the far future under RCP 8.5. Individual climate model simulations exhibit different spatial patterns, whereas the MME mean maps suggest that the magnitude of projected increase is the lowest in the south east of the VOB in the near future and in the south in the far future. In addition, precipitation change is not seasonally uniform, regardless of the time horizon and RCP. The increase in winter and spring is of comparable magnitude and accelerates with time and rising temperature, as annual P. However, in some regions in the far future (notably, spring under RCP 8.5) the model spread is much higher than the strong signal, and in consequence, winter and spring P projections are assessed as inconsistent.
Areal means of projected changes in summer and autumn P are in the range 0-10 % (apart from autumn in the far future under RCP 8.5 when the mean increase is 13 %), thus being much smaller than corresponding changes in winter and spring. In fact, for the majority of the studied domain these changes are assessed as "the agreement on no change". The ability to distinguish between robustness, inconsistency and no change in a spatially-explicit, transparent and user-friendly manner is an added value compared to all previous studies on ensemble-based projections of climate change in Poland. This method could be used in future studies on projections of climatic extremes as well as on sectorspecific projections derived using climate impact models (e.g. hydrological, vegetation and agricultural models).
